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Deficits in visual statistical learning and predictive processing could in principle explain the
key characteristics of inattention and distractibility in attention deficit hyperactivity disorder
(ADHD). Specifically, from a Bayesian perspective, ADHD may be associated with flatter
likelihoods (increased sensory processing noise), and/or difficulties in generating or using
predictions. To our knowledge, such hypotheses have never been directly tested.
Methods
We here test these hypotheses by evaluating whether adults diagnosed with ADHD (n = 17)
differed from a control group (n = 30) in implicitly learning and using low-level perceptual pri-
ors to guide sensory processing. We used a visual statistical learning task in which partici-
pants had to estimate the direction of a cloud of coherently moving dots. Unbeknown to the
participants, two of the directions were more frequently presented than the others, creating
an implicit bias (prior) towards those directions. This task had previously revealed differ-
ences in other neurodevelopmental disorders, such as autistic spectrum disorder and
schizophrenia.
Results
We found that both groups acquired the prior expectation for the most frequent directions
and that these expectations substantially influenced task performance. Overall, there were
no group differences in how much the priors influenced performance. However, subtle
group differences were found in the influence of the prior over time.
Conclusion
Our findings suggest that the symptoms of inattention and hyperactivity in ADHD do not
stem from broad difficulties in developing and/or using low-level perceptual priors.
PLOS ONE
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Introduction
Attention deficit hyperactivity disorder (ADHD) is a common neurodevelopmental disorder
characterized by age-inappropriate levels of inattention, hyperactivity, and/or impulsivity that
substantially impact psychosocial functioning [1, 2]. The symptoms of ADHD have been
hypothesized to stem from deficits in statistical learning and predictive ‘top-down’ processing
[3]. Specifically, it has been proposed that disruptions in the development of frontostriatal and
frontocerebellar neural loops result in difficulties in using temporal and contextual structure
to guide cognition and behavior. This hypothesis of ADHD is in keeping with recent Bayesian
predictive coding theories of neuropsychiatric disorders [4, 5].
Bayesian theories assume that cognition, from low-level sensory processing all the way
through to higher-level beliefs, are governed by inferential processes [6–9]. In this view, percep-
tion is an active process, where percepts are generated by integrating noisy incoming sensory
signals (likelihood distribution) with implicit beliefs or expectations about the state of the world
(prior distribution). Bayes’ rule is used to combine each source of information in a probabilisti-
cally ‘optimal’ manner, i.e. the most reliable (precise) source having the greatest influence upon
perception. The prior acts as a summary of past experiences used to predict the most likely
cause of sensation from noisy and ambiguous sensory data [10]. Errors originating from the
comparison between predictions and incoming signals are used to update priors in order to
minimize errors in future predictions [9]. The Prior probability distributions can be excessively
precise or imprecise and failures in this precision (relative to that of the incoming signals) are
thought to play an important role in the development of neuropsychiatric disorders [5].
There are numerous ways in which ADHD could be traced to differences in Bayesian pre-
dictive coding mechanisms. First, the failures of behavioral regulation in ADHD could be
attributed to disruptions in the formation and/or use of priors, resulting in ascribing excessive
precision to incoming information [3]. Specifically, characteristic symptoms, such as being
easily distracted by external stimuli and difficulties maintaining prolonged attention on a task,
could be due to excessive precision and therefore attention towards incoming sensory signals.
Indeed, participants with ADHD exhibit diminished ‘top-down’ neural responses to expected
stimuli, as well as enhanced early responses to sensory information and unexpected stimuli
[11–14]. ADHD is also associated with a range of sensory modulation issues, including greater
difficulties in using prior expectations to suppress unwanted saccades and reduce micro-sac-
cade and blink rate around the onset of an anticipated stimulus [15–18]. Attenuated sensory
priors and modulation issues could lead to a barrage of equally pertinent and intrusive sensa-
tions that cannot be habituated, resulting in distractibility and impulsive/hyperactive response
patterns. Symptoms of inattention and over-activity have been shown to increase linearly with
measures of atypical sensation in ADHD and the general population [19–21].
While reward learning deficits have been extensively studied in ADHD and are thought to
arise from dopaminergic dysfunction [22–27], implicit learning has received very little atten-
tion in ADHD. Implicit learning is thought to play a crucial role in the formation of priors
enabling a flexible and efficient interaction with the environment over short timeframes [28].
Investigations of implicit learning in ADHD are, however, mixed, with some studies finding a
difference [29–32], whereas others do not [33–36]. Consistent evidence shows differences in
frontostriatal and frontocerebellar circuitry in ADHD [37–39], areas implicated in implicit
learning [40–42], lending support to the hypothesis that disruptions in implicit learning and
consequently prior formation may account for ADHD symptomatology.
Second, elevated intra-individual variability has been outlined as a hallmark of ADHD and
is evident in behavioral symptoms such as completing tasks in a muddled way [43]. ADHD is
associated with notable increases in variability across cognitive domains, including perception
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[44–47]. Such findings are suggestive of noisier and less precise distributions at the likelihood
and/or prior level. However, it is unclear whether this variability originates from lower-level
sensorimotor areas, higher-level cognitive regions, or both. Finally, the key symptom of
ADHD, namely inattention, has been associated with a reduced gain in prediction error signals
[48, 49]. Electrophysiological studies demonstrate reduced prediction error-related neural
activity in ADHD, particularly error positivity, which is thought to represent an evaluation of
prediction error [14].
Fine-grained computational models of Bayesian inferential processes are needed to tease
apart these predictive coding mechanisms in ADHD. To test a Bayesian hypothesis of ADHD,
we therefore used a visual statistical learning task, where participants estimate the direction of
a cloud of coherently moving dots under varying levels of sensory uncertainty [50]. Unbe-
known to participants, two of the directions are more frequently presented than the others,
implicitly creating an expectation (prior) towards those directions. Previously, Chalk et al. [50]
found that participants from the general population rapidly developed priors for the most fre-
quent directions, and that these priors strongly influenced visual perception (i.e. perception
was biased towards the most frequent direction). The performance of the participants was well
described by a Bayesian model of sensory processing. These findings have since been replicated
in a larger sample, in which higher autistic traits were associated with a weaker influence of the
perceptual priors, due to a more precise representation of the sensory input [51].
Based upon the documented differences in ADHD we proposed the following hypotheses:
individuals with ADHD may have difficulties in developing stable perceptual priors, percep-
tual priors may be noisier and/or their influence in guiding perceptual judgments may be
weaker, resulting in a greater reliance upon incoming sensory information (the likelihood).
Alternatively, or possibly additionally the representation of the sensory inputs might be noisier
(sensory likelihoods would be less precise).
Methods and materials
Participants
Fifty participants (20 ADHD; 30 CTR) aged 18–65 years old were recruited from advertise-
ments in primary care practices and educational settings. A consultant psychiatrist working
within a specialist service for adults with ADHD also referred individuals to the study. Partici-
pants were included if they had normal or corrected-to-normal vision, were able to provide
fully informed consent, and had an IQ > 70 (as measured by the Wechsler Abbreviated Scale
of Intelligence; [52]). Diagnoses were verified using the Diagnostic Interview for ADHD in
adults (DIVA; [53]). Sixteen of the ADHD participants presented with combined subtype and
four with the predominantly inattentive subtype. Nine of the ADHD participants were taking
stimulant medication and five were taking anti-depressants. Participants abstained from tak-
ing their stimulant medication on the day of testing. Participants with any neurological disor-
der, bipolar disorder, autism spectrum disorder, or psychotic disorders were excluded.
All participants were interviewed using the Structured Clinical Interview for DSM-IV
(SCID-I; [54]) to determine inclusion/exclusion criteria, and completed the Adult ADHD Self-
Report Scale v1.1 (ASRS; [55]) and Autism-Spectrum Quotient (AQ; [56]). The characteristics
of the included participants are summarized in Table 1. The participant groups did not signifi-
cantly differ in age, gender, or IQ. The ADHD group reported significantly higher autistic
traits and ADHD symptoms, and substantially poorer functioning. The study received ethical
approval from the South East Scotland Research Ethics Committee 01 and NHS Lothian
Research & Development. Participants provided fully informed written consent and were
financially compensated for their time and travel.
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Apparatus, stimuli, & procedure
The setup for this study was similar to Chalk et al. [50] and is therefore only briefly described
here. The stimuli were displayed on a Dell P790 monitor running at 1024 x 768 at 100Hz using
MATLAB’s Psychophysics Toolbox [57]. The visual stimuli consisted of a cloud of dots mov-
ing coherently (100%) within a circular annulus with a white fixation point in the center and a
red bar extending out from this fixation-point (see Fig 1A). The visibility of the dots was
altered throughout the task by presenting four randomly interleaved contrast levels: zero con-
trast (no stimulus) (167 trials), two low-contrast levels (90 trials at 2/1 staircase; 243 trials at 4/
1 staircase), and one high-contrast level (67 trials). The contrast on high-contrast trials was
1.76 cd/m2 above a 5.18 cd/m2 background. The cloud of dots moved at 0˚, ±16˚, ±32˚, ±48˚,
and ±64˚ with respect to a central reference angle. This central reference angle was random-
ized for each participant. Across all the low or high-contrast trials, the dots moved at ±32˚ for
Table 1. Participant characteristics (standard deviation in parentheses).
ADHD (n = 17) CTR (n = 30) Statistic p
Age (years) 34.12 (11.12) 34.52 (11.12) Z = 0.13 .90
Gender (M:F) 8:9 19:11 χ2 = 1.18 .27
Full-scale IQ 122.53 (7.31) 118.38 (7.21) Z = -1.52 .13
Performance IQ 120.13 (7.73) 118.35 (9.55) Z = -0.48 .63
Verbal IQ 119.60 (6.31) 114.65 (9.13) Z = -1.69 .09
GAF 66.71 (11.00) 74.79 (10.70) Z = 2.40 .016
AQ 20.59 (6.30) 13.37 (8.86) Z = -2.81 .005
ASRS 54.94 (9.36) 29.79 (10.49) Z = -4.80 < .001
Note. ADHD = Attention Deficit Hyperactivity Disorder; CTR = Control; GAF = Global Assessment of Functioning; AQ = Autism-Spectrum Quotient; ASRS = Adult
ADHD Self-Report Scale. Wilcoxon rank-sum test was used for all comparisons, except for gender balance comparison which used Chi square test.
https://doi.org/10.1371/journal.pone.0243100.t001
Fig 1. The motion detection task. (A) On each trial, participants were presented with a fixation point followed by a cloud of moving dots and a response bar (red
bar). Participants were instructed to align the red bar to the direction the dots were moving in. The screen was cleared either when participants made an estimation or
when 3000 ms had elapsed. Lastly, a new screen presented participants with a two-alternative forced choice task (2-AFC) between ‘NO DOTS’ or ‘DOTS’. (B)
Probability distribution of the motion directions. Unbeknownst to participants, the dots moved at ±32˚ more often than all the other directions.
https://doi.org/10.1371/journal.pone.0243100.g001
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58% of the trials, in the other predetermined directions (0˚; ±16˚; ±48˚; ±64˚) for 36% of the
trials, and in completely random directions for 6% of the trials. The increased number of trials
at ±32˚ created a bimodal probability distribution (Fig 1B), and thus a prior expectation that
the dots would move at ±32˚. Participants were not told that stimuli would be presented more
frequently at some directions than others.
Each trial was composed of two tasks, an estimation task, where participants indicated the
direction of stimuli motion and a detection task, where participants reported whether they per-
ceived any stimulus (Fig 1A). Participants received block-feedback every 20 trials on the accu-
racy of their estimation performance and immediate feedback for detection performance. The
task was completed in a darkened room at ~100cm viewing distance. Participants completed
567 trials of the task with breaks every 170 trials (taking ~45 minutes to complete).
Data analysis
Behavioral data analysis
Performance on high-contrast trials was used as a benchmark to ensure adequate performance
in the task. >70% detection and <30˚ estimation root mean square error (RMSE) were the
inclusion criteria. Two ADHD participants did not meet these criteria; one more ADHD par-
ticipant was excluded due to poor detection performance (<50%) on the low-contrast trials
(S1 Fig in S1 File).
The 2/1 and 4/1 staircases converged to stable luminance levels after approximately 100 tri-
als for both participant groups (S2 Fig in S1 File). There was no difference in the average lumi-
nance level achieved by the 2/1 and 4/1 staircases, and the data was combined across the
staircases.
Estimation performance measures on low-contrast trials (2/1 and 4/1 staircases) were com-
puted only from trials where an estimation response was made within the given time (3000
ms) and participants reported seeing dots. To compute estimation biases, variability and
lapses, the estimation responses were fitted to a mixed circular normal distribution (von Mises
and uniform distribution).
1   að Þ � V m; sð Þ þ a=
2
p ð1Þ
where V(μ, σ) is the von Mises circular normal distribution with mean μ and width σ. The esti-
mation bias is calculated as the difference between μ and the true motion direction, while the
estimation variability corresponds σ. Parameter α corresponds to the proportion of lapse
estimations.
On no-stimulus trials participants occasionally experienced hallucinations. To quantify
acquired prior effects on these responses, we computed a probability ratio that captured how
much the participants hallucinated stimulus was moving within 16˚ of ±32˚ than at all other
directions:
pratio ¼ pðyest ¼ �32ð�16Þ
�
Þ � Nbins ð2Þ
where Nbins = 11, is the number of bins across the whole response range. This probability ratio
would be equal to 1 if participants were equally likely to estimate within 16˚ of ±32˚ as they
were to estimate within 16˚ of the other bins.
A 2 (between-subject factor: ADHD, CTR) x 5 (within-subject factor: 0˚, ±16˚, ±32˚, ±48˚,
and ±64˚) mixed ANOVA was used to determine the impact of the acquired prior on the esti-
mation bias, variability, reaction time and detection performance across the groups. Post-hoc
t-tests used Bonferroni-correction. The tests were conducted in SPSS version 25. Bayes factors
(BF01) were used to evaluate the strength of the evidence for the null hypothesis using the
PLOS ONE Visual statistical learning in ADHD
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Bayesian statistical software package JASP version 0.10. A Bayes factor between 1–3 indicates
weak evidence, 3–10 indicates moderate evidence, and> 10 indicates strong evidence [58].
The analysis was re-ran for bias, variability, and hallucinations while controlling for AQ scores,
as these measures were previously found to correlate with AQ [51]. Moreover, AQ and ASRS
scores positively correlated across the groups (p = 0.012). The measures were positively corre-
lated within controls (p = 0.041), while within the ADHD group there was a trend towards a
negative correlation that did not reach significance (p = 0.097). AQ scores were z-transformed
[59].
Modelling
To control for the possibility of different mechanisms underlying the performance of each
individual, we fitted a range of models to our data. The first class of models was Bayesian: on
every trial, the incoming sensory information is combined with a learned prior, with the mean
of the resulting posterior distribution corresponding to the percept. We tested four variants of
the Bayesian models (detailed below). The second class of models assumed that task perfor-
mance could be explained by response strategies that do not involve Bayesian integration [60]:
on any given trial participants responded by relying on either the prior or the likelihood alone.
The resulting response distribution is effectively a sum of the prior and the likelihood (hence
the class name ‘ADD’). We considered four variations of the ‘ADD’ model (see S1 File). Below
we present only the Bayesian models as they provided a better explanation to the data. Model
comparison and parameter estimation methods are in the S1 File.
Bayesian models
Following the Bayesian framework, we assumed that participants combined sensory informa-
tion (likelihood) with their expectations about the motion direction (prior) on every trial (Fig
2). The sensory likelihood of the observed motion direction (θs) was parameterized as a von
Mises circular normal distribution with variance σs:
plikelihoodðysjyÞ ¼ Vðy; ssÞ ð3Þ
Fig 2. Bayesian model of estimation response for a single trial for the best fitting model (Bayes_P). The actual motion direction (θact) is corrupted by sensory
uncertainty (σs), and then combined with prior expectations (mean θp and uncertainty σp) to form a posterior distribution. The mean of the posterior distribution then
corresponds to the perceived motion direction (θperc). However, on a fraction of trials, determined by the prior-based lapses (αp), the perceived motion direction is
sampled directly from the prior. Finally, in both cases, the response (θest) is made by perturbing θperc with motor noise (σm). This results in 4 free model parameters:
σs, σp, θp and αp. The motor noise (σm) is estimated from high contrast trials and is used as a fixed parameter during the model fitting.
https://doi.org/10.1371/journal.pone.0243100.g002
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The mean of this distribution depended on the actual presented motion direction (θact),
and to account for trial-to-trial variability it was drawn from another von Mises distribution V
(θact, σs) centered on θact with variance σs.
We then hypothesized that participants acquired priors (pprior (θ)) that approximated the
bimodal distribution of the stimulus statistics. These priors were parameterized as the sum of




½Vð  yp; spÞ þ Vðyp; spÞ� ð4Þ
Combining the prior and the likelihood gives us the posterior probability that the stimulus is
moving in a direction θ:
pposteriorðyjysÞ / plikelihoodðysjyÞ � ppriorðyÞ ð5Þ
The perceived direction, θperc, was taken to be the mean of the posterior distribution.
Finally, we accounted for motor noise and lapse estimations (random responses), such that:
pðyestjypercÞ ¼ ð1   apÞ � Vðyperc; smÞ þ ap � ½ppriorðyÞ � Vð0; smÞ� ð6Þ
where the asterisk (�) denotes convolution, σm is the motor noise and αp is the probability of
prior-based lapse estimations (i.e. lapse estimations that follow the participants’ acquired
expectations–pprior(θ)). We called this model ‘BAYES_P’ for Bayes with Prior-based lapses
(Fig 2).
We also tested a simpler variant of this model which assumed that the lapse estimations (Eq
(5)) were not made based on the acquired prior but instead were completely random (model
‘BAYES’). Furthermore, to account for the possibility of adaptations in the sensory likelihood
itself (e.g., [61]), we tested two other variants of this model: ‘BAYES_var’ where the sensory
precision varied with each stimulus direction and ‘BAYES_varmin’ where sensory precision
was allowed to be different for ±32˚ but was the same for all other directions. BAYES_P and




Performance on low-contrast trials. Attractive bias. First, we investigated participants’
performance in the estimation of the direction of the moving stimuli, and more particularly
the level of attractive bias towards ±32˚ at each of the predetermined motion directions (0˚,
±16˚, ±32˚, ±48˚, ±64˚). Fig 3A displays the average estimation bias plotted against the pre-
sented motion direction for each group. Overall, there was a significant effect of motion direc-
tion (F(2.58, 115.93) = 10.15, p < .001, Z2p = 0.184, Greenhouse-Geisser correction ε = 0.644),
but no differences between the groups (F(1, 45) = 0.17, p = 0.681, Z2p = 0.004; BF01 = 4.69); and
no group�angle interaction effect (F(2.58, 115.93) = 1.86, p = .148, Z2p = 0.040). Furthermore,
controlling for AQ scores showed no differences in groups (F(1, 33) = 0.32, p = 0.578, Z2p =
0.009; BF01 = 4.58) and there was no correlation between mean bias and ASRS (τb = -0.16, p =
.173; BF01 = 1.83). Pairwise comparisons revealed that there was an attractive bias towards
±32˚ at ±64˚ (mean difference (Mdiff) = 10.12, p = .001), at ±48˚ (Mdiff = 3.63, p = 0.015) and at
±16˚ (Mdiff = -2.72, p = 0.036).
Variability. We also evaluated whether the perceptual prior influenced the variability of
estimation responses at each of the predetermined motion directions (Fig 3B). We found a
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significant main effect of motion direction (F(2.87, 128.99) = 5.70, p = .001, Z2p = 0.112, Green-
house-Geisser correction ε = 0.717), but no differences between the groups (F(1, 45) = 0.01, p
= .750, Z2p < 0.001; BF01 = 3.62); and no group
�angle interaction effect (F(2.87, 128.99) = 0.86,
p = .461, Z2p = 0.019). Furthermore, controlling for AQ scores showed no differences in groups
(F(1, 33) = 0.02, p = 0.887, Z2p = 0.001; BF01 = 3.25) and there was no correlation between mean
variability and ASRS (τb = 0.13, p = .288; BF01 = 2.62). Pairwise comparisons revealed that the
effects were driven by the variability at ±32˚ being lower than at 0˚ (Mdiff = 4.77, p = .008), at
±16˚ (Mdiff = 2.84, p = .007) and at ±64˚ (Mdiff = 3.32, p = .041).
Reaction time. Next, we examined whether the reaction time varied across the predeter-
mined motion directions (Fig 3D). There was a significant main effect of motion direction on
reaction time (F(2.71, 121.77) = 9.45, p < .001 Z2p = 0.174, Greenhouse-Geisser correction ε =
0.677). This was driven by decreased reaction times at the most frequent directions, reaction
time at ±32˚ was significantly shorter than at all other directions (0˚, Mdiff = 0.09, p = .015;
±16˚, Mdiff = 0.05, p < .033; ±48˚, Mdiff = 0.06, p< .014; ±64˚, Mdiff = 0.14, p < .001). There
was no significant main effect of group on reaction time (F(1, 45) = 3.40, p = .072, Z2p = 0.070),
and there was no interaction between group and motion direction (F(2.71, 121.77) = 1.28, p =
.284, Z2p = 0.028). There was no correlation between mean reaction time and ASRS (τb = -0.19,
p = .102; BF01 = 1.22).
Detection. Finally, we analyzed whether the acquired prior improved detection at the
expected motion directions (Fig 3E). There was a significant main effect of motion direction
Fig 3. Performance on (A-E) low contrast trials and (F) no stimulus trials by CTR (blue lines) and ADHD participants (orange lines). (A) Mean estimation bias (B)
estimation variability (C) lapse estimations determined using (Eq 1), (D) reaction times during the estimation task, (E) the fraction of trials in which the stimulus was
detected, (F) the fraction of no stimulus trials in which the stimulus was hallucinated. The error bars and shaded areas represent within-subject standard error. The
vertical dashed lines correspond to the most frequently presented motion directions (i.e. ±32˚).
https://doi.org/10.1371/journal.pone.0243100.g003
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on detection performance (F(2.34, 105.26) = 11.31, p < .001, Z2p = 0.201, Greenhouse-Geisser
correction ε = 0.585), with stimulus at ±32˚ being detected more frequently than at all other
directions (0˚, Mdiff = 11.23, p < .001; ±16˚, Mdiff = 6.30, p < .001; ±48˚, Mdiff = 8.87, p < .001;
±64˚, Mdiff = 10.58, p < .001). The main effect for group is not presented as the contrast stair-
cases guarantees that all participants have the same average detection rate, but there was a sig-
nificant group�motion direction interaction: F(2.34, 105.26) = 3.02, p = .045, Z2p = 0.063, which
was driven by controls having better detection at 0˚(Mdiff = 9.24, p = .019).
Finally, we also examined the dynamics of prior learning (see S1 File). The effect of the
prior became significant for both groups within 110 trials for estimation bias, detection, and
reaction time (S3 Fig in S1 File). While group differences in the acquisition of the prior were
largely non-significant, ADHD participants did demonstrate significantly stronger prior
effects on detection rate towards the end of the task and showed less estimation bias than con-
trols in the middle of the task (between trials 220 to 330).
Perceived motion in absence of visual stimuli (‘hallucinations’). In a number of trials,
in absence of a visual stimulus, both groups reported perceiving visual motion. We found that
the median value of ‘pratio’ was significantly greater than 1 for both participants groups (Mdn
(pratio) = 2.53, p = .001 and Mdn(pratio) = 3.00, p < .001, respectively; two-tailed signed-rank),
indicating that both groups’ hallucinations corresponded significantly more often to perceived
motion around the most frequent motion directions as opposed to all other directions (Fig
3F). Bayesian statistical analysis provided evidence for no group differences (BF01 = 3.29). The
groups did not differ in the number of total hallucinations experienced in the task (Z = 0.12, p
= .903, two-tailed rank-sum; BF01 = 3.01). Finally, the correlation between the number of hal-
lucinations and ASRS was not significant (τb = 0.14, p = .234; BF01 = 2.23).
Modelling results. We evaluated our models using Bayesian Information Criterion (BIC).
We used two different methods for model comparison: fixed-effects approach, which sums
BIC across individuals, and random effects Bayesian model comparison, which considers the
distribution of BIC values across individuals. Both methods suggested BAYES_P model (Fig 2)
to be superior (Fig 4). While parameter recovery analysis showed high recoverability of model
parameters (see S1 File), visual inspection suggested that the BAYES_P fit to the data was not
Fig 4. Model comparison and selection. (A) Fixed effects model selection using Bayesian Information Criterion (BIC). X-axis measures the
relative difference between BIC of each model (as indicated on Y-axis) and BIC of BAYES_P (winning model) summed across participants. Smaller
BIC indicate a better model. For both ADHD and control participants BAYES_P provided the best model evidence. (B) Random effect Bayesian
model selection. Higher protected exceedance probability indicates a model having a higher likelihood of being more frequent among the subjects.
For both ADHD and controls BAYES_P was the most likely model.
https://doi.org/10.1371/journal.pone.0243100.g004
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perfect (Fig 5A–5C and 5E–5G), warranting some caution in the interpretation of modelling
results. Parameter recovery for the BAYES_P model is presented in the S1 File.
Finally, we compared the groups on BAYES_P parameters (Fig 5I–5L). Consistent with the
behavioral data results, none of the parameters were different between the groups: the mode of
the prior (W = 220, p = .449, BF01 = 2.67), the precision of the prior (W = 282, p = .561; BF01 =
2.70), the precision of the sensory likelihood (W = 244, p = .818, BF01 = 3.01) and the prior-
based lapse estimations (W = 231, p = .606, BF01 = 3.30). Similarly, ASRS did not correlate
with any of these model parameters: prior mean (τb = -0.21; p = .076), prior uncertainty (τb =
0.09; p = .478), sensory uncertainty (τb = -0.03; p = .827), prior-based lapse rate (τb = 0.23; p =
.056)
Discussion
This study used a visual statistical learning task to establish whether adults diagnosed with
ADHD differed from a control group in rapidly learning and using low-level perceptual priors
Fig 5. Model fits and parameter estimates. (A-H) Model fits for the best fitting model BAYES_P (purple) and the second-best model BAYES (yellow), to the
behavioral data (black). (A-D) CTR and (E-H) ADHD participants. (A, E) Estimation bias, (B, F) estimation variability, (C, G) estimation lapse rate, (D, H) prior
expectations of each individual (thin purple lines) and group average (thick purple line) as estimated via BAYES_P model. The vertical dashed lines correspond to the
most frequently presented motion directions (i.e. ±32˚). The error bars and shaded areas represent within-subject standard error. (I-L) Comparison of BAYES_P model
parameter estimates of CTR and ADHD participants; jittered dots denote individual participants; colored areas represent density of the data points. (I) θp–the mean of
acquired prior (W = 220, p = .449, BF01 = 2.67), (J) σp–the uncertainty in the acquired prior (W = 282, p = .561; BF01 = 2.70), (K) σs–the uncertainty of sensory
likelihood (W = 244, p = .818, BF01 = 3.01), (L) αp–prior-based lapse rate (W = 231, p = .606, BF01 = 3.30). n.s. = non-significant.
https://doi.org/10.1371/journal.pone.0243100.g005
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to guide sensory processing. From a Bayesian perspective, we hypothesized that ADHD would
be associated with difficulties in developing and/or using priors and therefore rely more on
incoming sensory information in percept formation, or alternatively, that the representation
of the sensory information might be noisier. Overall, we did not find evidence in support of
any of these hypotheses. We found that both groups learned to expect the most frequent direc-
tions (the perceptual priors) and that these expectations strongly influenced task performance,
replicating previous findings [50]. Both ADHD and control participants demonstrated faster
reaction times, reduced variability, and better detection rates at the most frequent directions
(±32˚), as well as an attractive estimation bias towards those directions. Moreover, in trials
where no stimulus was actually present, both groups were more likely to report seeing dots
moving at ±32˚ than at any other direction (hallucinations). There were no group difference
and ADHD symptomatology did not influence any aspect of task performance. The perfor-
mance of both groups was best described by a Bayesian model of sensory processing (similar
to [50, 51, 62]). While the model did not provide an ideal fit warranting some caution in the
interpretation of the results, it supported the behavioral data analysis showing no difference
between groups in model parameters (prior mean, prior uncertainty, sensory likelihood uncer-
tainty and prior-based lapse rate).
These findings are in keeping with evidence of intact statistical learning in decision-mak-
ing, and sequential and spatial learning tasks in ADHD [33–36, 63]. Our results build upon
previous work by using detailed computational models of implicit learning at an early stage of
sensory processing in adults with ADHD. Statistical learning studies in adults diagnosed with
ADHD are relatively rare (e.g. [34]) and most use implicit motor rather than perceptual learn-
ing tasks. The observed differences in learning reported in the literature also tend to be subtle
or related to specific aspect of the task. For example, Barnes et al. [29] found reduced implicit
sequence learning in ADHD relative to controls, but this difference was primarily driven by a
reduced sensitivity to learning in the middle of the task but not at the start or end. In agree-
ment with this, we also found subtle group differences in learning across time, specifically, that
participants with ADHD showed slightly weaker prior estimation biases in the middle of the
task and a stronger detection bias towards the end of the task.
The current findings are, however, at odds with studies showing that ADHD is associated
with disruptions in neural systems that underlie implicit learning and predictive processing
[14, 64, 65]. Similar to statistical learning paradigms, most neurophysiological and imaging
studies have been conducted with samples of children participants rather than adults and
focused on motor tasks or tasks requiring higher-level cognitive functions, such as inhibition
[14, 38, 66]. The current study focused exclusively on low-level visual processing. It is still
therefore plausible that ADHD could stem from difficulties in Bayesian predictive mechanisms
at a higher-level of the cognitive hierarchy. Furthermore, differences at the neural level do not
always result in observable differences at the behavioral level in ADHD (e.g. [12, 67]). It is also
conceivable that a more complex prior distribution or a task that results in slower acquisition
of the prior might allow differences in inferential processes to emerge.
Groups of individuals with ADHD are behaviorally, cognitively, and functionally heteroge-
neous [68, 69]. Although substantial efforts were made to recruit participants as broadly as
possible from clinical and non-clinical settings, our sample was largely composed of partici-
pants with above average or superior intelligence that were either in full-time employment or
education. Deficits in Bayesian inference could therefore exist in different subgroups of indi-
viduals with ADHD. Future studies, with larger, more heterogeneous samples are warranted to
evaluate the degree to which the current findings can be generalized to the broader ADHD
population. Another limitation of the current study is that many of the participants had or
were currently taking stimulant medications. Although a washout period was used, it is not
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feasible to eliminate the cumulative effects of stimulant medication on the brain [70, 71]. Our
exploratory analysis of those participants that were currently taking stimulants and those that
were not, however, did not suggest stimulant medication to have strong effects on our findings
(see S1 File).
This study contributes to the growing body of evidence evaluating Bayesian hypotheses of
neuropsychiatric disorders. To the best our knowledge, this is the first study to explicitly test
differences related to Bayesian inference in ADHD. Our findings demonstrate that adults with
ADHD develop and use low-level perceptual priors in a similar manner as controls during
visual motion perception. Findings such as this, suggest that ADHD is not associated with a
broad deficit in Bayesian inferential processes that extend all the way through the cognitive
hierarchy from low-level sensory processing to higher-level functions. However, further testing
is warranted in larger, more heterogeneous samples, and with more complex experimental
tasks.
Supporting information
S1 File. Supplementary materials.
(PDF)
Acknowledgments
We sincerely thank Dr Prem Shah for assisting in recruiting participants and all the partici-
pants that contributed to this project.
Author Contributions
Conceptualization: Stephen M. Lawrie, Peggy Seriès.
Data curation: Katie L. Richards.
Formal analysis: Povilas Karvelis.
Funding acquisition: Stephen M. Lawrie.
Investigation: Katie L. Richards.
Methodology: Katie L. Richards, Povilas Karvelis, Stephen M. Lawrie.
Project administration: Katie L. Richards, Stephen M. Lawrie, Peggy Seriès.
Resources: Stephen M. Lawrie.
Software: Povilas Karvelis, Peggy Seriès.
Supervision: Stephen M. Lawrie, Peggy Seriès.
Visualization: Katie L. Richards, Povilas Karvelis.
Writing – original draft: Katie L. Richards.
Writing – review & editing: Povilas Karvelis, Stephen M. Lawrie, Peggy Seriès.
References
1. Agnew-Blais JC, Polanczyk GV, Danese A, Wertz J, Moffitt TE, Arseneault L. Evaluation of the Persis-
tence, Remission, and Emergence of Attention-Deficit/Hyperactivity Disorder in Young Adulthood.
JAMA Psychiatry. 2016; 73(7):713–20. https://doi.org/10.1001/jamapsychiatry.2016.0465 PMID:
27192174
PLOS ONE Visual statistical learning in ADHD
PLOS ONE | https://doi.org/10.1371/journal.pone.0243100 December 17, 2020 12 / 16
2. American Psychiatric A. Diagnostic and statistical manual of mental disorders (DSM-5®): American
Psychiatric Pub; 2013.
3. Nigg JT, Casey BJ. An integrative theory of attention-deficit/ hyperactivity disorder based on the cogni-
tive and affective neurosciences. Dev Psychopathol. 2005; 17(3):785–806 https://doi.org/10.1017/
S0954579405050376 PMID: 16262992
4. Friston K, Brown HR, Siemerkus J, Stephan KE. The dysconnection hypothesis. Schizophr Res. 2016;
176(2):83–94 https://doi.org/10.1016/j.schres.2016.07.014 PMID: 27450778
5. Parr T, Rees G, Friston KJ. Computational Neuropsychology and Bayesian Inference. Front Hum Neu-
rosci. 2018; 12(61). https://doi.org/10.3389/fnhum.2018.00061 PMID: 29527157
6. Friston K. A theory of cortical responses. Philos Trans R Soc Lond B Biol Sci. 2005; 360(1456):815–36.
https://doi.org/10.1098/rstb.2005.1622 PMID: 15937014
7. Hohwy J. The Predictive Mind. Oxford: Oxford University Press; 2013.
8. Knill DC, Pouget A. The Bayesian brain: the role of uncertainty in neural coding and computation.
Trends Neurosci. 2004; 27(12):712–9 https://doi.org/10.1016/j.tins.2004.10.007 PMID: 15541511
9. Rao RPN, Ballard DH. Predictive coding in the visual cortex: a functional interpretation of some extra-
classical receptive-field effects. Nat Neurosci. 1999; 2(1):79–87 https://doi.org/10.1038/4580 PMID:
10195184
10. Berniker M, Voss M, Kording K. Learning priors for Bayesian computations in the nervous system. PloS
one. 2010; 5(9):e12686. https://doi.org/10.1371/journal.pone.0012686 PMID: 20844766
11. Cheng C-H, Chan P-YS, Hsieh Y-W, Chen K-F. A meta-analysis of mismatch negativity in children with
attention deficit-hyperactivity disorders. Neurosci Lett. 2016; 612:132–7 https://doi.org/10.1016/j.
neulet.2015.11.033 PMID: 26628248
12. Gonzalez-Gadea ML, Chennu S, Bekinschtein TA, Rattazzi A, Beraudi A, Tripicchio P, et al. Predictive
coding in autism spectrum disorder and attention deficit hyperactivity disorder. J Neurophysiol. 2015;
114(5):2625–36 https://doi.org/10.1152/jn.00543.2015 PMID: 26311184
13. Hasler R, Perroud N, Meziane HB, Herrmann F, Prada P, Giannakopoulos P, et al. Attention-related
EEG markers in adult ADHD. Neuropsychologia. 2016; 87:120–33. https://doi.org/10.1016/j.
neuropsychologia.2016.05.008 PMID: 27178310
14. Johnstone SJ, Barry RJ, Clarke AR. Ten years on: A follow-up review of ERP research in attention-defi-
cit/hyperactivity disorder. Clin Neurophysiol. 2013; 124(4):644–57 https://doi.org/10.1016/j.clinph.2012.
09.006 PMID: 23063669
15. Dankner Y, Shalev L, Carrasco M, Yuval-Greenberg S. Prestimulus Inhibition of Saccades in Adults
With and Without Attention-Deficit/Hyperactivity Disorder as an Index of Temporal Expectations. Psy-
chol Sci. 2017; 28(7):835–50. https://doi.org/10.1177/0956797617694863 PMID: 28520552
16. Fried M, Tsitsiashvili E, Bonneh YS, Sterkin A, Wygnanski-Jaffe T, Epstein T, et al. ADHD subjects fail
to suppress eye blinks and microsaccades while anticipating visual stimuli but recover with medication.
Vision Res. 2014; 101:62–72 https://doi.org/10.1016/j.visres.2014.05.004 PMID: 24863585
17. Little LM, Dean E, Tomchek S, Dunn W. Sensory Processing Patterns in Autism, Attention Deficit
Hyperactivity Disorder, and Typical Development. Phys Occup Ther Pediatr. 2018; 38(3):243–54.
https://doi.org/10.1080/01942638.2017.1390809 PMID: 29240517
18. Munoz DP, Armstrong IT, Hampton KA, Moore KD. Altered Control of Visual Fixation and Saccadic Eye
Movements in Attention-Deficit Hyperactivity Disorder. J Neurophysiol. 2003; 90(1):503–14. https://doi.
org/10.1152/jn.00192.2003 PMID: 12672781
19. Bijlenga D, Tjon-Ka-Jie JYM, Schuijers F, Kooij JJS. Atypical sensory profiles as core features of adult
ADHD, irrespective of autistic symptoms. European Psychiatry. 2017; 43:51–7 https://doi.org/10.1016/
j.eurpsy.2017.02.481 PMID: 28371743
20. Micoulaud-Franchi J-A, Lopez R, Cermolacce M, Vaillant F, Péri P, Boyer L, et al. Sensory Gating
Capacity and Attentional Function in Adults With ADHD: A Preliminary Neurophysiological and Neuro-
psychological Study. Journal of Attention Disorders. 2019; 23(10):1199–209 https://doi.org/10.1177/
1087054716629716 PMID: 26896149
21. Panagiotidi M, Overton PG, Stafford T. The relationship between ADHD traits and sensory sensitivity in
the general population. Comprehensive Psychiatry. 2018; 80:179–85. https://doi.org/10.1016/j.
comppsych.2017.10.008 PMID: 29121555
22. Chevrier A, Bhaijiwala M, Lipszyc J, Cheyne D, Graham S, Schachar R. Disrupted reinforcement learn-
ing during post-error slowing in ADHD. PLOS ONE. 2019; 14(2):e0206780 https://doi.org/10.1371/
journal.pone.0206780 PMID: 30785885
23. Frank MJ, Santamaria A, O’Reilly RC, Willcutt E. Testing Computational Models of Dopamine and Nor-
adrenaline Dysfunction in Attention Deficit/Hyperactivity Disorder. Neuropsychopharmacology. 2007;
32(7):1583–99. https://doi.org/10.1038/sj.npp.1301278 PMID: 17164816
PLOS ONE Visual statistical learning in ADHD
PLOS ONE | https://doi.org/10.1371/journal.pone.0243100 December 17, 2020 13 / 16
24. Kollins SH, Adcock RA. ADHD, altered dopamine neurotransmission, and disrupted reinforcement pro-
cesses: Implications for smoking and nicotine dependence. SI: Drugs of abuse and psychiatric dis-
eases: neurobiological and clinical aspects. 2014; 52:70–8.
25. Luman M, Tripp G, Scheres A. Identifying the neurobiology of altered reinforcement sensitivity in
ADHD: A review and research agenda. Special Section: Dopaminergic Modulation of Lifespan Cogni-
tion. 2010; 34(5):744–54. https://doi.org/10.1016/j.neubiorev.2009.11.021 PMID: 19944715
26. Silvetti M, Wiersema JR, Sonuga-Barke E, Verguts T. Deficient reinforcement learning in medial frontal
cortex as a model of dopamine-related motivational deficits in ADHD. Neural Networks. 2013; 46:199–
209. https://doi.org/10.1016/j.neunet.2013.05.008 PMID: 23811383
27. Ziegler S, Pedersen ML, Mowinckel AM, Biele G. Modelling ADHD: A review of ADHD theories through
their predictions for computational models of decision-making and reinforcement learning. Neurosci-
ence & Biobehavioral Reviews. 2016; 71:633–56. https://doi.org/10.1016/j.neubiorev.2016.09.002
PMID: 27608958
28. Wolpert DM, Ghahramani Z, Jordan MI. An internal model for sensorimotor integration. Science. 1995;
269(5232):1880. https://doi.org/10.1126/science.7569931 PMID: 7569931
29. Barnes KA, Howard JH, Howard DV, Kenealy L, Vaidya CJ. Two Forms of Implicit Learning in Child-
hood ADHD. Dev Neuropsychol. 2010; 35(5):494–505. https://doi.org/10.1080/87565641.2010.494750
PMID: 20721771
30. Domuta A, Pentek I. Implicit learning in ADHD preschool children. Chicago, IL2000.
31. Huang-Pollock CL, Maddox WT, Tam H. Rule-based and information-integration perceptual category
learning in children with attention-deficit/hyperactivity disorder. Neuropsychology. 2014; 28(4):594–
604. https://doi.org/10.1037/neu0000075 PMID: 24635709
32. Karatekin C, White T, Bingham C. Incidental and intentional sequence learning in youth-onset psycho-
sis and attention-deficit/hyperactivity disorder (ADHD). Neuropsychology. 2009; 23(4):445–59. https://
doi.org/10.1037/a0015562 PMID: 19586209
33. Parks KMA, Stevenson RA. Auditory and Visual Statistical Learning Are Not Related to ADHD Symp-
tomatology: Evidence From a Research Domain Criteria (RDoC) Approach. Front Psychol. 2018; 9
(2502).
34. Pedersen A, Ohrmann P. Impaired Behavioral Inhibition in Implicit Sequence Learning in Adult ADHD. J
Atten Disord. 2018; 22(3):250–60. https://doi.org/10.1177/1087054712464392 PMID: 23190612
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